Identification of clay minerals based on chemometric analysis of measured infrared (IR) spectra was suggested. IR spectra were collected using the diffuse reflection technique. Discriminant analysis and principal component analysis were used as chemometric methods. Four statistical models were created for separation and identification of clay minerals. More than 50 samples of various clay mineral standards from different localities were used for the creation of statistical models. The results of this study confirm that the discriminant analysis of IR spectra of clay minerals could provide a powerful tool for identification of clay minerals. Differentiation of muscovite from illite and identification of mixed structures of illitesmectite were achieved.
INTRODUCTION
Knowledge of mineral composition is essential to characterize the geochemical and physico-mechanical properties of rocks. Type and content of clay minerals present in rocks have a significant influence on the behavior and properties of rocks as well as on the whole rock massif.
In general, several conventional analytical methods exist that can be used to examine the mineral composition of rocks: optical microscopy, electron microscopy, X-ray diffraction (XRD), Fourier transform infrared (FT-IR) spectroscopy, simultaneous thermogravimetry and differential thermal analysis (TG/DTA), and bulk chemistry analysis. [1] [2] [3] [4] [5] Unfortunately, the exact identification of clay minerals by means of these methods is rather complicated and often inaccurate. The main analytical difficulties are related to variable chemical composition and common structural disorders of clay minerals. In addition, the individual clay minerals occur in the form of mixtures (illite-montmorillonite, chlorite-montmorillonite, etc.) with various ratios of particular clay minerals.
The current Fourier transform infrared (FT-IR) spectroscopy represents a fast, reliable, and efficient tool for mineral analysis. Very useful for processing of IR spectra are multivariate statistical methods. The primary advantage of multivariate statistical methods is their capability to extract required spectral information from IR spectra and explore this information for qualitative or quantitative applications. The most frequently used multivariate statistical methods (often called chemometric methods) are factor analysis (FA), principal component analysis (PCA), discriminant analysis (DA), principal component regression (PCR), multiple linear regression (MLR), and partial least squares regression (PLS). DA, FA, and PCA are very useful tools for qualitative analysis.
Discriminant analysis allows the quantification of the probability with which an object can be assigned to an individual class. The discriminant function, which gives the maximum separability for objects from different classes, is generated by DA. The major purpose of DA is to assign unknown objects to one of several classes. This method can be used either for prediction of analyzed samples into predefined classes or for explanation of the differences between classes. 6 The sample is classified as a member of the appropriate class predominately according to the value of the Mahalanobis distance (MD). The MD between spectra from two samples x i and x j is defined as:
where x i and x j are the measured spectra and S is the covariance matrix. 7 There are several methods of discriminant analysis described in the literature: Fisher's linear discrimination function (LDF), linear discriminant analysis (LDA), quadratic discriminant analysis (QDA), etc. The major difference between the abovementioned methods of discriminant analysis is in the number of predefined classes. Furthermore, the predefined classes are dependent on the similarity of the covariance matrices. LDF can be applied to two classes only; covariance in the classes must be similar. LDA and QDA can handle more than two classes. The covariance in the classes should be similar for LDA, while QDA can handle very dissimilar covariance matrices.
The fundamental problem of DA for spectral data is the large number of variables. With a large number of variables it is impossible to apply DA to the ''raw data''; rather, it is necessary to carry out PCA followed by DA. 8 PCA is one of the most common multivariate statistical methods. This method allows ''extraction'' of important information from a data set (e.g., from IR spectra). The results of PCA are the so-called principal components (PCs), which make it possible to dramatically reduce the number of variables in the data set.
Both of the above-mentioned chemometric methods (DA and PCA) are described in many statistical textbooks 9, 10 in full detail. Likewise, DA and/or PCA of IR spectra are used in many studies. [11] [12] [13] [14] [15] This paper describes a chemometric analysis of the IR spectra of clay minerals by PCA and DA. The results of DA can be applied to the identification of clay minerals. PCA was performed to reduce redundant spectral information and find the spectral bands important for successful identification of clay minerals by DA. All IR spectra were collected using the diffuse reflection technique (DRIFT). The aim of the study was the creation of statistical models for identification of clay minerals by discriminant analysis of measured IR spectra. The advantage of using DA for identification of clay minerals is, e.g., the ability to identify mixed structures of clay minerals. This method of identification has not been reported so far for clay minerals.
MATERIALS AND METHODS
Samples of Minerals. This research focuses on the basic clay mineral specimens (kaolinite, montmorillonite, nontronite, illite, chlorite, and vermiculite), including micas (muscovite and biotite). These mineral standards were obtained from the collection of minerals available at the Institute of Geonics, Nanotechnology Centre of VŠ B-Technical University Ostrava and from the Source Clays Repository of the Clay Minerals Society, USA. Fifty-one samples of mineral standards were collected for the preparation of statistical models. Some of the mineral standards were treated by jet mill; others were prepared by sedimentation to obtain a fraction grain size of less than 5 lm. Some standards were used as unmodified (''raw'' standards). A list of all samples used as mineral standards is shown in Table I .
Fourier Transform Infrared Measurements. Approximately 5-10 mg of a mineral standard sample was ground with approximately 400 mg dried KBr. IR spectra were collected from this mixture.
The IR spectra were collected using a Nexus 470 FT-IR spectrometer (ThermoScientific, USA) with DTGS detector. The diffuse reflection measurement technique (DRIFT) was used. The measurement parameters were as follows: spectral region 4000-400 cm À1 , spectral resolution 8 cm À1 ; 128 scans; and Happ-Genzel apodization. Freshly dried KBr was used for the background measurement. Every sample was prepared and consequently measured several times (three to five times). The mean IR spectrum of every sample was calculated.
Discriminant Analysis. The linear discriminant analysis (LDA) was performed using TQ Analyst software (ThermoScientific, USA). Two spectral regions of each IR spectrum (4000-3000 cm À1 and 1300-400 cm À1 ) were used for DA. A one-point baseline was used in both spectral regions. A multiplicative signal correction of the path length was used for calculation. The Mahalanobis distance was used to formulate the distance between clusters. Before DA, PCA was performed to reduce redundant spectral information. The number of principal components used for the preparation of all models was 10.
Validation of statistical models has been carried out by means of a validation spectra set (TQ Analyst software does not allow cross-validation for discriminant analysis). The IR spectra of minerals were split into two groups in each class used in DA: a calibration group of spectra and a validation group of spectra. The calibration spectra were used to create a discrimination model; the validation spectra were used to verify this model. Most of the IR spectra in each class were used as calibration spectra; up to three IR spectra in each class were used as validation spectra. There were no validation spectra used in one-member-only classes. The selection of calibration and validation spectra was carried out using TQ Analyst software. The models in this study were considered correct when all validation spectra occurred inside their class clusters. All discrimination models mentioned in this paper fulfill this condition.
RESULTS AND DISCUSSION
Strategy of Model Creation. The creation of a unique statistical model for all used samples was a primary goal of the authors. During the process of creation of the unique models, however, serious challenges were encountered. Multiple minerals were classified into incorrect classes because of considerable variability in the spectral bands. The solution to this problem was the creation of partial models; four partial models were created in this study. These partial models allow separation and subsequent identification of clay minerals in a few steps. A brief scheme of the identification of clay minerals proposed in this study is shown in Fig. 1 .
General discrimination of clay minerals was performed in Model 1. The clay minerals were classified into particular groups of clay minerals in this model: biotite, muscovite-illite, chlorite, kaolin-serpentine, smectite, and vermiculite. The remaining models were created for identification of individual members of selected clay mineral groups. Model 2 allows identification of minerals of the kaolin-serpentine group (kaolinite, dickite, and halloysite), Model 3 allows identification of minerals of the smectite group (Na-montmorillonite, Ca-montmorillonite, nontronite, and hectorite), and Model 4 allows identification of micas (biotite and muscovite) and illite.
Model 1: Identification of Clay Mineral Groups. This model was created for classification of clay minerals into particular groups of clay minerals. Classification of clay minerals according to Weiss and Kužvart 16 was used in this study. Model 1 contained six classes (biotite, muscovite-illite, chlorite, kaoline-serpentine, smectite, and vermiculite). In this model the first two classes represented the mica group of clay minerals; the other classes represented the remaining groups of clay minerals. The mica group had to be split into two classes (biotite and muscovite-illite) because of bad creation of clusters. The biotite class contained only samples of biotite; the muscovite-illite class contained samples of muscovite, illite, and the mixed illite-smectite sample. The chlorite class contained only chlorite samples. The kaoline-serpentine class contained samples of kaolinite, dickite, and halloysite. The smectite class contained samples of montmorillonite, nontronite, and hectorite. The vermiculite class contained only samples of vermiculite.
With the exception of sample Ill7, all minerals were clearly classified into the appropriate classes after performance of discriminant analysis. The above-mentioned sample (mixed illite-smectite structure) was classified between the muscoviteillite class and the smectite class (Fig. 2) .
Ten principal components (PCs) were calculated in Model 1. These ten PCs described 99.9% of the variance of the spectral information, with nearly 95% of the variance captured in the first three PCs. The loadings spectrum of the first principal component (PC1) includes spectral bands of kaolinite only: stretching bands of inner-surface hydroxyl groups ( [17] [18] [19] was used in this paper. PC1 described 79.4% of the variance. PC2 described 10.8% of the variance, and its loadings spectrum included ''negative'' bands of kaolinite and the ''positive'' broad and very weak band at 3400 cm À1 (stretching vibration of water). PC3 described 4.0% of the variance, and its loadings spectrum contained ''negative'' bands of kaolinite and the ''positive'' band of the stretching vibration of water (higher intensity than in PC2).
The band at 1645 cm À1 (in the PC2 and PC3 loadings spectra) belongs to the deformation vibration of water. This band very probably represents moisture in the samples. The band at 1440 cm À1 (''positive'' in PC2 and ''negative'' in PC3 loadings spectra) belonged to carbonates present as impurities in the samples of biotite (Bio3) and dickite (Dic1). The weak intensity of the 1440 cm À1 band in the IR spectra confirms only traces of carbonates in these standards. In PC loadings spectra the intensity of this band rises by reason of significant influence of this band on the variability of spectra. The bands at 1645 cm À1 and 1440 cm À1 were not used for the creation of Model 1. The loadings spectra of the first three PCs (PC1, PC2, and PC3) are shown in Fig. 3 .
Model 2: Identification of Minerals of the KaolineSerpentine Group. This model was created for identification of individual members of the kaoline-serpentine group of clay minerals. Kaolinite, dickite, and halloysite were used in this study as representatives of the kaoline-serpentine group of clay minerals. Thus, Model 2 included three classes (kaolinite, dickite, and halloysite).
All minerals were clearly classified into the appropriate classes after performance of discriminant analysis. Ten principal components (PCs) were calculated in Model 2. These ten PCs described 99.9% of the variance of the spectral information, with nearly 97.5% of the variance captured in the first three PCs. PC1 described 82.5% of the variance, PC2 described 11.3% of the variance, and PC3 described 3.6% of the variance. All three PC loadings spectra included ''negative'' bands of kaolinite. The particular loadings spectra differed only in the intensities of their bands. Bands of the highest intensities were in the PC1 loadings spectrum. The PC1 loadings spectrum includes all bands of kaolinite as well as the PC1 loadings spectrum in Model 1 (but ''negative''). . The band at 1440 cm À1 (''negative'' intensity in PC2 loadings spectrum and ''positive'' intensity in PC3 loadings spectrum) belongs to the stretching vibration of carbonates present as impurities in the sample of dickite (see description of Model 1). This band was not used for the creation of Model 2.
The loadings spectra of the above-mentioned PCs (PC1, PC2, and PC3) of Model 2 are shown in Fig. 4 .
Model 3: Identification of Minerals of the Smectite Group. Model 3 was created for identification of individual members of the smectite group of clay minerals. Namontmorillonite, Ca-montmorillonite, nontronite, and hectorite were used in this study as representatives of this group of clay minerals. Model 3 included five classes (Na-montmorillonite, Ca-montmorillonite, nontronite, hectorite, and mixed illitesmectite structure).
All minerals were classified into the appropriate classes after performance of discriminant analysis.
Ten principal components (PCs) were calculated in Model 3. These ten PCs described 99.9% of the variance of the spectral information, with nearly 97.5% of the variance captured in the first three PCs. The loadings spectrum of the first principal component (PC1) included spectral bands of montmorillonite only: the stretching band of structural hydroxyl groups (3640 cm À1 ), the broad stretching band of water (3440 cm À1 ), the deformation band of water (1650 The band at 1650 cm À1 was not used for creation of Model 3 because of potential interference intensity of this band by moisture in the samples.
The loadings spectra of the above-mentioned PCs (PC1, PC2, and PC3) are shown in Fig. 5 .
Model 4: Identification of Minerals in the Mica Group. This model was created for identification of individual members of the mica group. Biotite, muscovite, and illite were used in this study as representatives of this group of clay minerals. Model 4 included four classes (biotite, muscovite, illite, and mixed illite-smectite structure).
All minerals were classified into the appropriate classes after performance of discriminant analysis. The Mahalanobis distance plot for the muscovite and illite classes is shown in Fig. 6 .
The clusters of muscovite and illite are relatively close to each other but they are clearly separated in this plot. The IR spectra of muscovite and illite can be very similar (on account of their similar chemical composition and structure) and common identification of these minerals by their IR spectra is practically impossible. The loadings spectra of the above-mentioned PCs (PC1 and PC2) are shown in Fig. 7 .
CONCLUSION
The discriminant analysis of IR spectra of 51 samples of clay mineral standards is presented in this paper. Identification of individual clay minerals is possible using the four created statistical models. Model 1 was created for the splitting of clay minerals into individual groups of clay minerals. Model 2, Model 3, and Model 4 were used for the identification of clay minerals from the groups of kaoline-serpentine, smectite, and mica minerals, respectively.
Principle component analysis was not alone sufficient to make clear separation of samples to appropriate classes. The score plot of the first two principle components (PC1 and PC2) of Model 4 is shown as an example (see Fig. 8 ). Samples of biotite and mixed illite-smectite structure are clearly separated in this score plot. Samples of muscovite and illite do not create separated clusters and samples of these minerals have been mutually mixed in the score plot. Contrary to PCA, discriminant analysis was effective in the classification of all the minerals to the appropriate classes. The task of PCA was rather reduction of redundant spectral information and finding of significant spectral bands for subsequent discriminant analysis. The most important spectral bands of clay minerals found by PCA were vibration bands of hydroxyl groups and vibration bands of Si-O and Al-O bonds. Also considerably significant were bands of kaolinite in Model 1 and Model 2.
Identification of clay minerals by discriminant analysis of IR spectra was successful in this study. Differentiation of muscovite from illite was even achieved using this method. Muscovite and illite had too similar IR spectra and these two clay minerals are almost indistinguishable when common methods of identification by IR spectroscopy are used. The probable reason for a successful differentiation of muscovite from illite was the use of PCA as a part of the discriminant analysis. Principle component analysis is able to find the very slight differences in the IR spectra of the muscovite and illite standards. Another advantage of discriminant analysis as an identification tool is the ability to identify mixed structures of clay minerals (e.g., the illite-smectite mixed structure).
